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Supplementary Material

A. More Experiment Results
A.1. Qualitative Comparison
Figure S1 compares robot data generation methods. Cos-
mos Transfer [1] performs well under fixed camera views
but degrades notably for dynamic viewpoints. In contrast,
RoboTransfer maintains strong multi-view consistency, pro-
ducing realistic and coherent novel-view synthesis. Robo-
Engine [14], based on image inpainting, suffers from noise
and jitter, lacks temporal consistency, and cannot precisely
control scene backgrounds or objects.

A.2. Diverse Scene Synthesis
For fixed-arm tabletop tasks, backgrounds are simple, while
mobile manipulation involves complex geometries. Fig-
ure S2 shows that RoboTransfer can generate richer, more
diverse scenes in complex settings, enhancing the variety
and realism of synthetic data for robotic learning.

B. RoboTransfer Implementation Details
B.1. Training Details
Training Dataset. To construct our training dataset, we
leverage the open-source Cobot Magic platform to collect a
large-scale video corpus of dual-arm robot executions(see
Sec. C.1 for details). The raw videos are segmented into
10Hz clips of 30 frames each, resulting in approximately 24k
clips for training. Additionally, we curate a set of 1.6k 10Hz
30-frame clips from the collected dataset for video synthesis
quality evaluation. All videos are annotated with conditions
to facilitate both training and assessment.
Training Details. RoboTransfer is fine-tuned from the pre-
trained Stable Video Diffusion [2] model. During training,
videos from each camera view are resized to a resolution
of 640 × 384. We adopt the AdamW[9] optimizer with
a learning rate of 3 × 10−5 and a global batch size of 8,
training for a total of 70K steps. During inference, we use
the EDM scheduler [6] to perform 30 denoising steps and
apply classifier-free guidance.

B.2. Modeling and Conditions Injection Details
Object Condition. We resize each object image to 224×224
and pass it through CLIP’s image encoder to obtain a single
global feature vector per object. These embeddings are
then concatenated and fed into the diffusion model. This
design allows for finer-grained control, enabling individual
manipulation of each object.

Multi-View Consistency Modeling. Previous methods typi-
cally introduce a cross-view module to enhance consistency
between views. In contrast, RoboTransfer simply concate-
nates multi-view images, integrating inter-view consistency
into global spatial consistency, thereby improving multi-
view video modeling. Moreover, this design allows direct
loading of pre-trained single-view video generation model
weights, without requiring significant modifications to the
model architecture.

C. RoboTransfer Dataset Construction Details

For training RoboTransfer, we collected a dedicated dataset
and designed a construction pipeline (Figure 3 in the main
paper). Here, we provide additional implementation details.

C.1. Data Collection

Robot Platform. We built a large-scale robotic demonstra-
tion dataset using the Agilex Cobot Magic platform, fol-
lowing standardized protocols [7, 10]. Each demonstration
includes synchronized RGB-D streams from three Intel Re-
alSense D435i cameras: two hand-eye views and one over-
head view (Figure S3).
Dataset Design. To capture diverse manipulation scenarios,
we designed twelve distinct tasks (Figure S4) with variations
in objects, backgrounds, and interactions. For each task, 100
demonstration segments were collected across 10 unique
object configurations, totaling 1,000 samples per task. Back-
grounds range from textured tabletops to cluttered surfaces,
and objects vary in shape, size, and material. This ensures
high diversity and realism for robust visual policy training.
To further enhance background diversity, we incorporate the
AgiBot-World dataset [3].

C.2. Geometry Conditions Construction

Depth Conditions. For RGB-D data, raw sensor depth
provides accurate metric information but is often noisy or
incomplete, particularly on low-reflectivity surfaces. Con-
versely, simulator-rendered depth is perfect but lacks domain
realism. To bridge this gap, we adopt Video Depth Any-
thing (VAD) [4] to generate temporally coherent and spa-
tially complete depth maps. However, VAD predicts relative
depth, lacking the global metric scale essential for robotic
manipulation. We therefore treat the raw sensor depth as
a sparse metric anchor and the VAD output as a dense
structural prior. We align them using a robust multi-frame
least-squares fitting strategy (Figure S5). Crucially, this
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Figure S1. Comparison with Cosmos and RoboEngine generation results.
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Figure S2. Visualizations of RoboTransfer for diversity scene generation results.

process employs an iterative outlier filtering mechanism (Al-
gorithm 1) that allows the model to learn the correct scale s
and shift b from reliable sensor pixels while ignoring sensor
noise/holes. This ensures the final output inherits the met-
ric accuracy of the sensor while retaining the completeness
of VAD. For datasets without multi-view RGB-D sensors,
such as AgiBot-World [3], we estimate metric depth using
MoGe [13].

Normal Conditions Surface normals capture fine geomet-

ric details and are scale-invariant. We compute per-frame
normals using LOTUS [5]. For datasets lacking multi-view
RGB-D sensors, MoGe [13] simultaneously estimates depth
and normals, streamlining prelabeling.

C.3. Appearance Conditions Construction

Keyframe Selection. Keyframes serve as the reference for
object and background appearance. For standard tabletop
tasks, we adopt a temporal strategy: the initial frame (fully
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Figure S3. Robot platform visualizations. Figure S4. Dataset collected with the Agilex robot.

populated) defines the object condition, while the final frame
(post-manipulation) serves as the background. For complex
scenarios, we employ an automated content-aware pipeline
using VLM descriptors and Grounding DINO. This pipeline
selects the frame maximizing the object’s visible pixel area
for the object condition, and conversely, the frame with
minimal object presence for the background condition.
Object Mask Generation. Object descriptions, generated
via structured prompts (Figure S6) specifying color, material,
shape, and spatial position, are fed into Grounding DINO [8]
to generate bounding boxes, which SAM2 [12] converts into
object masks.
Objects and Background Conditions. Individual ob-
ject patches are resized to 224 × 224 and passed through
CLIP [11] to obtain embeddings. Background conditions are
generated by masking out all detected objects and applying
inpainting to reconstruct the object-free scene.

D. Robot Policy Model Implementation Details
To validate the effectiveness of the data generated by Robo-
Transfer, we train a visual policy using the procedures de-
tailed below for both training and deployment.

D.1. Data Collection and Preprocessing
To ensure a fair evaluation, we excluded the RoboTransfer
training dataset (Sec. C.1) from the real-robot experiments.
Data preparation was conducted as follows:
Real Expert Data We collected 100 expert demonstration
sets per manipulation task using the ALOHA teleoperation
system. Observations included RGB images at 1280×720
resolution, downscaled to 640×360 for training efficiency,
captured at 30Hz, and sampled at 10Hz. Auxiliary robot
state information, including joint positions and end-effector
poses, was recorded at 200Hz and downsampled to 50Hz for
policy training.
Synthetic Data Generation for Policy Fine-tuning. To im-
prove generalization, we generated synthetic videos based on
the real demonstrations, introducing variations in foreground

objects and background scenes. The pretrained diffusion
model conditioned each synthetic video on: (1) per-frame
3D geometry inputs (depth and normal maps) from real
demonstrations, and (2) a reference image containing novel
objects and backgrounds from a held-out set independent of
the policy training data.

D.2. Training Pipeline and Core Parameters
Our training pipeline uses the ACT (Action Chunking Trans-
former [15]) architecture, processing visual input from
three cameras (two wrist-mounted, one overhead). At each
timestep, the model receives one RGB frame per view.
Training Objective and Strategy. The policy predicts the
next 100 robot states (2s horizon at 50Hz). We adopt a
pretrain-then-finetune strategy: 1) Pretraining on Real
Data: The model was first pretrained for 100k steps us-
ing the collected real expert demonstration data. During this
phase, the batch size was set to 512, and the learning rate
was 1× 10−4. 2) Finetuning with Synthetic Data: After
pretraining, the synthetic data was introduced to fine-tune
the model for an additional 50k steps. The learning rate for
this phase was reduced to 1× 10−5.

All training was performed on a cluster equipped with 8
NVIDIA H20 GPUs. The pretraining phase took approxi-
mately 24 hours, and the fine-tuning phase required about
12 hours.

D.3. Real-Robot Deployment and Evaluation
Deployment Platform. Policies were evaluated on the Ag-
ilex Cobot Magic platform (Figure S3), the same system used
for data collection to ensure consistency between training
and evaluation environments.
Inference Procedure During deployment, the policy oper-
ates synchronously: the robot executes the full action se-
quence (100 actions) generated from the previous inference
step before capturing new observations. At each decision
point, the model receives one RGB frame per camera view
along with the current robot state and outputs the next 100



Algorithm 1 Dynamic Mask Alignment

Require: Dpred,Dsensor ∈ RB×H×W

Ensure: Dmetric ∈ RB×H×W

1: Initialize mask:
M← (Dsensor > ϵ) ∧ (Dpred > ϵ)

2: for i = 1 to 2 do
3: SCALE FITTING:
4: s, b← ScaleFitting(Dpred,Dsensor,M)
5: Dmetric ← s ·Dpred + b

6: MASK UPDATE:
7: E ← |Dpred −Dsensor| ⊙M
8: τ ← Percentile80(E [M > 0])
9: M← (E < τ)⊙M

10: end for
11: return Dmetric

Algorithm 2 Scale Fitting (Least Squares)

Require: Dpred,Dsensor,M
Ensure: s, b ∈ R

1: Extract valid pixels:
p = Dpred[M], s = Dsensor[M]

2: Objective:
mins,b ∥sp+ b1− s∥2

3: Closed-form Solution:[
s

b

]
= 1

∆

[
N(p⊤s)− (1⊤p)(1⊤s)

(p⊤p)(1⊤s)− (p⊤s)(1⊤p)

]
where ∆ = N(p⊤p)− (1⊤p)2

4: return s, b

Figure S5. Depth Scale Alignment Algorithms. We employ an
iterative robust least-squares fitting strategy. Algorithm 1 aligns
relative depth predictions to sparse metric sensor data by iteratively
filtering high-error regions (outliers). Algorithm 2 provides the
analytical closed-form solution for the linear alignment parameters
s (scale) and b (shift).

actions. Inference latency is 10ms, and actions are executed
at 50Hz, matching the training robot state frequency.

System Prompt for Object Descriptor:

You are an industrial robotic vision system with
100% detection guarantee. Perform comprehensive
scene analysis to identify ALL movable objects, in-
cluding occluded items. Strictly enforce size con-
straints and occlusion handling.

Your goal is to complete a list of all visible objects
on the table and process the description.

The output Template Format:
A [color] [object], [shape], located [region](x,y)

Examples:
• A red ball, spherical, at the center (250,300);
• A brown chair, angular, in the top-left (100,50);
• A silver-blue arm, mechanical, on the right

(600,200);

Figure S6. Visual Description Prompt Template Architecture.
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